noises the change of motor parameters was taken, and it made more precision for vector control. Liu et el. [4] developed a decoupling control approach based on -th inverse system for the innovative 5 degree-of-freedom bearingless induction motor, which was multi-variable, nonlinear and high coupling system. Dai et al. [5] proposed a neural network inverse control (NNIC) structure and gave the neural network inverse system (NNIS) of induction motor in rotor field oriented (MT) reference frame as a special case, the comparison of this NNIC with direct rotor field oriented control (DRFOC) was done. This paper firstly analyses the dynamic model for induction machine based on the rotating reference frame using the rotor d-q model, which will be described in Section 2. Secondly, in order to obtain the control effects that cannot be achieved by the model reference adaptive control schemes, a fuzzy neural network control (FNNC) with a fast varying-scale optimal method (MDFP) and a fuzzy neural network identifier (FNNI) are employed for the IM speed loop to further enhance the robustness of the system, which will presented in Section 3. Finally, in Section 4, simulations are performed and the results show that the control strategy is feasible, appropriate and effective.
II. DYNAMIC MODEL OF INDUTION MACHINES
According to the theory of induction motor and coordinate transformation method, the rotor field oriented control motion reference model in d-q coordinate reference frame can be given by 2  2  1  2  21  2  1  11  2  1 2  2 2   2  1  2  2  1 2 1 
The control variables for the induction machine are represented by a control vector u , where
The outputs of induction motor are represented by an output vector y, where
III. FUZZY NEURAL NETWORK-BASED ADAPTIVE CONTROL STRATEGY OF INDUCTION MACHINES
The structure of the designed fuzzy neural network adaptive adjustable speed control system is shown in Fig. 1 , which consists of two types of neural network. The fuzzy basis function neural network controller (FNNC) acts as the fuzzy adaptive controller; the fuzzy neural network identifier (FNNI) acts as the model identification of induction motor plant and the back transfer signal dy k /du k , which is used to regulate the network weights w j and parameters a j , b j . FNNC and FNNI can be firstly trained off-line according to prior knowledge, and then made learning on-line when the system is running in practice. In addition, a fast varying metric optimal learning algorithm, e.g. the MDFP, is employed to train and correct w j , a j , and b j . In Fig. 1 , RM denotes the reference model and IM represents the induction motor.
A. Design of Fuzzy Neural Network Controller for IM
The structure of fuzzy neural network controller shows in Fig.2 . The layers ( ) to ( ) are corresponding to the premise part "IF-part" in the fuzzy control rules; the layer ( ) corresponds to the fuzzy inference, which output nodes indicate triggering strength; the layer (IV) corresponds to the conclusion part "THEN-part". The symbol " " denotes the fuzzy AND operating. The symbol "*" denotes the fuzzy minimum operating [6] [7] [8] .
The mapping relation of the inputs and outputs in the FNNC is as follows
The output nodes of the layer (I) are
The input and output nodes of the layer (II) are
The input and output nodes of the layer (III) are
The input and output nodes of the layer (IV) are
where 
B. Design of Fast Varying Metric Optimal Learning Algorithm
In general, the on-line learning requests that the convergence rate of the learning algorithm is fast, and the stability is well, however, the conventional learning algorithm of neural network, such as the back-propagation (BP) algorithm, is that the convergence rate of the learning algorithm is slower, and the learning rate η is uneasy to select, only cut and try, which makes the stability worse when the initial weights are trained. The training weights only are local optimum. In this paper, based on the varying metric method (DFP) optimal learning algorithm (MDFP), an improved-type learning algorithm is employed to solve above problems.
The performance index of the error function learning online is defined as
where W is the weights vector of FNNC, n R W ∈ ; i E denotes the error between the practice system output k y and desired output.
The basic thought of MDFP algorithm is that in the minimum point nearby, the target function ) (W J is approximated using the second-order Taylor polynomial formula, and then the estimated value in the minimum point is obtained. The concrete deduced process will be omitted in this paper. The MDFP learning algorithm is written as W is always kept to be convergence along the negative gradient direction, which ensures the convergence property for the MDFP algorithm. Therefore, the on-line learning algorithm for FNNC is given by
respectively, which are determined by
The partial derivative ) ( k k u y ∂ ∂ mentioned above can not be obtained directly in the condition of unknown model of the plant. Hence, a fuzzy neural network identifier (FNNI) can be gotten according to the back propagation.
C. Design of Fuzzy Neural Network Identifier
In order to dynamically estimate the model of unknown plant, meanwhile, the partial derivative ) (
can be provided for FNNC, based on a three layers BP neural network, a FNNI is designed to realize the modeling of system. Suppose that the relationship between the input and output in the identified system is as follows
where ) (k y and ) (k u denote the output and input variables of system respectively;
is a nonlinear function; y n and u n are the time delay of the output and input variables; ) (k n is noisy.
The neural network model of identification system is described by represents the total variables of the identified system, which takes the form
If it is known that there are N groups of input and output samples{
θ for FNNI will be transformed into optimal problem of below function, which is defined as
IV. SIMULATION RESULTS
In order to evaluate the correctness and feasibility of the proposed control strategy, the characteristics of a three-phase induction machine, as shown in Fig. 1 In the process of simulation, we use 49 fuzzy control rules as the off-line learning samples ) , , ( , which belongs to in the universe [-6, 6 ].
The simulation results of designed FNNC based on a FNNI show in Fig. 3, Fig. 4 , and Fig. 5, Fig. 3 shows the starting characteristic with the proposed control strategy when the IM can operate from 0 to 1500 rpm and the torque e T quickly arrive the limited value, and exit the saturation after 0.12 s, as shown in Fig. 4 , the system enters the stable state. When the time is 0.3 s, meanwhile, the speed changes from 1500 rpm to 1200 rpm, and when time is 0.33 s, the adjustable speed system can reach new static speed, as shown in Fig. 3 . The current responding curve is illustrated in Fig. 5 during the operating process. Because the FNNC is that the fuzzy neural network control combines with the conventional the MRAC, the IM adjustable speed system integrates the advantages between them. In other words, the system can keep the characteristics of FNNC and MRAC, which can realize the dynamic decoupling control for the torque and magnetic flux of IM. Therefore, the proposed system is of excellent speed responding performance, robustness, and strong anti-interference ability, such as fast speed responding, no speed overshoot, no static speed error, and so on.
V. CONCLUSION
Based on a fast varying metric method (MDFP) and a fuzzy neural network identifier (FNNI), a fuzzy neural network adaptive controller (FNNC) for the three-phase induction machine adjustable speed system has been implemented. The proposed FNNC controller is not only of the adaptive learning function, but also can realize the fuzzy control. The designed processes of FNNC, MDFP, and FNNI algorithms have been described in details. Simulation results show the feasibility, correctness and effectiveness of the proposed control strategy, such as the excellent static and dynamic performances, and strong anti-interference ability.
